Abstract:Owing to their ecological and economic implications, the abundance of cyanobacteria has been an important subject in aquatic ecology. There has been a debate about which nutrients are a better predictor of cyanobacteria abundance, total nitrogen (TN), total phosphorus (TP) or nitrogen to phosphorus ratio (N:P). A classic study by Downing and coworkers in 2001 concluded that total N and total P are better predictors than TN:TP ratio. We picked lakes from a different region of the US, the Southern Appalachians (SAP), to test the same hypotheses using the National Lakes Assessment (NLA, 2007) database. This dataset consists of 116 selected sampling sites throughout the ecoregion. In this study, total cyanobacteria abundance was related to three predictors (N, P and N:P) using linear regression, non-parametric statistics and boosted regression trees (BRTs). Total N and total P were more strongly correlated to cyanobacteria abundance than N:P. Partial dependence plots from BRT analysis confirmed results of correlations showing higher relative influence values of TN and TP on cyanobacteria abundance. An important observation from both analyses was that cyanobacteria abundance increased rapidly with increasing TP above 5 µg TP/L. This is a similar response relationship between abundance of cyanobacteria and TP as reported by Downing et al. (2001). These TP thresholds for cyanobacteria dominance are important for TP management targets to control blooms in lakes.
1Introduction
The algal blooms in lakes, rivers and reservoirs are becoming a major problem worldwide [1] . There are many reasons as to why this is a problem. First is a decline in quality of water, especially freshwater bodies that serve as a source of drinking water for a large population. The second main reason is the ecological disturbance that hinders the normal balance between biotic and abiotic factors of an aquatic ecosystem. Algal blooms make the water body eutrophic which means there is an increase in the primary production which eventually spoils the structure and function of aquatic ecosystems, which has socio-economic implications [2] , [3] , [4] and [5] . The problem worsens when harmful toxin-producing algal blooms of cyanobacteria or cyano-HABs grow and produce toxins that threaten human and ecosystem health [6] and [7] .
Although hydrological and climate factors play a part in proliferation of cyanoHABs [8] and [9] , human activities such as urbanization, industrialization and rising agricultural activities due to ever increasing population are the main cause of high wastes. This waste when thrown untreated into water bodies, leads to high levels of nitrogen, phosphorus and other nutrients leading to higher algal growth [10] . More than 50% of phosphorus comes from human waste and 20%-30% from detergents [11] . Animal feedlots are sources of both nitrates and phosphates. As the high levels of nutrients (nitrogen and phosphorus mainly) enter water bodies, they lead to negative ecological costs to aquatic ecosystem; furthering growth of cyanobacteria; high nutrient turnover; loss of ecosystem functions and biodiversity; and decline of water quality and public health [12] and [13] .
Since cyanoHABs have and are expected to decrease the water usability for potable and recreational purposes [14] , their management is very important from ecological as well as economical point of view. Although various physical and chemical factors play a part in cyanobacteria blooms, identifying the factor contributing the most or the limiting factor is key. This leads to decisive and smart management practices, rather than unsystematically trying to abate nutrients or any physical factor. One of the first steps for identifying the most limiting factor is the finding factor most highly related to cyanobacterial abundance. There has been a debate about the best predictor for cyanobacteria growth, and different studies narrowed the focus to TN, TP and TN:TP (for example [15] , [16] , [17] and [18] ). The conclusions and suggestions vary. A classical 37 year experiment on Canadian lakes by [19] showed phosphorus directly controlling algal blooms. Another extensively cited study by [15] suggested ambient N:P influencing cyanobacteria growth. Many such experiments were later debated for their data collection approach, sample size as well as theoretical basis as more and more studies followed up the classical ones. Most studies have commented and discussed the role of each in theory from surveys and experiments. Few have used an objective survey of nutrient chemistry and cyanobacteria abundance in a large number of lakes as a line of evidence for the limiting factor.
In this study, we aim to identify the most important and efficient predictor for cyanobacteria blooms in freshwater bodies. The rationale being to develop management practices and assigning total maximum daily loads (TMDLs) for water bodies by identifying the nutrient concentration at which risk of high abundances cyanobacteria abundances increase. We aim to further our knowledge and understanding by testing linear regression, non-parametric statistics as well as a relatively new and robust modeling approach called boosted regression trees (BRTs). Boosted regression trees are particularly valuable for characterizing interactions among multiple variables, non-linear relationships and potential thresholds in cyanobacteria abundance along nutrient gradients. Thresholds in ecological responses are particularly valuable for developing stakeholder consensus for management targets [20] .
Methodology
The data from National Lakes Assessment (NLA) study carried out by US Environmental Protection Agency (EPA) was used for this project [21] . NLA is a large and comprehensive dataset consisting of physical, chemical and biological studies of water bodies across the United States. The US is divided into nine ecoregions in the study. We selected the Southern Appalachians ecoregion for the project as a representation of warm temperate climate region. This subset of data includes 116 lakes.
We tested three predictors with potential influence on cyanobacteria growth, i.e. TN, TP and TN:TP. We chose "abundance" as a measure of cyanobacteria growth as response variable. The selection of variables was based on past studies where these were deemed to be the most important or influential ones for cyanobacteria prediction. Microsoft Access (2013) was used as the tool for extraction of parameters from various datasheets and appending them into a single excel sheet.
Linear models were tested for cyanobacteria abundance as a function of selected predictors. All analyses including the subsequent ones were executed in R ver. 3.0.3 [22] . Residual standard error (RSE) was used as a measure of accuracy i.e. the closeness of fit to the points (for example its value is 0 when model fits to the data perfectly, though this would be most probably due to overfitting). The linear regression analyses were then compared to BRT results.
General trends in relationships of predictors and cyanobacteria abundance were characterized by LOWESS smoothing. LOWESS is a non-parametric regression approach producing a scatter diagram that shows the relationship between predictor and response variables over localized subsets of data, hence the term "local" as opposed to "global" fitting. This is especially useful to visualize patterns in the data as there are no assumptions defining the relationship. The plots were constructed using a tension factor (α) of 0.3. The response variable, cyanobacteria abundance, was log transformed with base 10. The predictor variables were also log transformed to get a better visualization of plots as they expand over a large range and tend to cluster on left hand side of the plot if untransformed.
BRTs are a combination of boosting and regression trees. Boosting is a machine learning (ML) approach, based on the concept that many weak learners make a powerful learner. Regression trees belong to classification and regression tree (CART) assembly of models [23] . This is a relatively novel approach and with strong ML basis that is finding more and more uses in ecological studies due to its high predictive power, better precision and accuracy compared to other modeling approaches [24] . BRTs work by minimizing predictive deviance obtained by fitting successive regression trees. The trees are built by an iterative learning process of modeling interactions between predictors and random selection of observations in each iteration [25] and [23] . The results of BRT models are viewed by partial dependence plots (PDPs) that show relationship as well as relative influence of each predictor on the response variable. The algorithm estimates relative influence by taking into account the number of times the specific variable is used to split tree nodes, given weight by squared improvement at each step, and then averaging it over all trees [26] .
BRT analysis was run using the script from [23] , a package called gbm -gradient boosting machines. The package also includes 10-fold cross validation in which the data is divided into 10 parts. 9 parts are used for training and 1 part is used for testing. This is an effective way of validating the model by performing analyses on multiple iterations of the dataset.
The analysis was run with setting a bag fraction of 0.5 which means 50% of training data is randomly picked for each iteration; and a tree complexity of 3 that means up to 3 way interactions of predictors can be modelled. A learning rate of 0.001 was set for all analyses, which is a parameter determining contribution from each tree to build the next in making final decision. All variables including the response and predictors were log transformed as convergence could not be achieved over the large range of non-transformed values. 10 fold cross validation was used to validate the model, which is a commonly used approach. PDPs were constructed from the same gbm package, which includes script for the purpose. Predictor selection was then refined by observing PDPs based on relative influence of each predictor.
Model comparison was done by cross-validation (CV) correlation values. The BRT model with combination of predictors giving minimum predictive deviance and maximum explained error variance values was selected. The model was tested for performance on a subset of data withdrawn earlier. The same model parameters were used and cyanobacteria abundance was predicted on new data. The model performance was verified using root mean square error (RMSE) values between observed and estimated values, which is basically the square root of variance of residuals, having same units of response variable and representing accuracy of model for predicting values.
Results
The linear regression analysis (summarized Table 1 ) indicated TN:TP as the weakest predictor of cyanobacteria abundance among selected three (R2 = 0.14, RSE = 0.88). TP came out to be the best predictor with highest R2 (0.28) as well as lowest RSE estimates (0.803) indicating better prediction accuracy. TN also has higher R2 (0.184) and lower RSE (0.857) than TN:TP indicating a relatively stronger relationship. All analyses were significant at p<0.001. In summary, TP is related linearly stronger to cyanobacteria abundance than any other predictor, especially TN and TN:TP. (Fig. 1) show little nonlinearity in relationship between cyanobacteria abundance and the selected predictors. The LOWESS plot for TP ( Figure  1a) shows that cyanobacteria are abundant even at lowest observed TP concentration (1 µg/L); at around 5 µg/L TP, the abundance of cyanobacteria starts increasing. The BRT model relating cyanobacteria abundances to TN, TP, and TN:TP was achieved after fitting 1500 trees and explained about 63% and 45% (SE 0.051) of variance in the entire training data set and with cross validation respectively. The partial dependence plots (PDPs) showed that TP had a highest relative influence (41.9%) on cyanobacteria abundance. TN followed TP with a relative influence value of 35.4%. TN:TP had 22.6% influence on cyanobacteria abundance (Figure. RMSE value for training data was 0.73 and for test data was 0.77. If test data RMSE for test data is much larger than training data, it suggests that model validation is poor and it does not have much predictive importance. Since these values came to be quite close, it is indicative of a good predictive performance. The BRT plots show strong nonlinearity between cyanobacteria abundance and nutrient concentrations or ratio. The TP plot shows a sudden rise in abundance at around 5 µg TP/L and saturation around 60 µg TP/L. TN plot shows a relatively sharp rise in cyanobacteria at about 130 µg TN/L. BRT results for TN:TP show that cyanobacteria abundance start to decline at a TN:TP of about 15.
Discussion
We aimed to understand the response of cyanobacteria to selected predictors with emphasis on choosing the best one for cyanobacteria prediction from a waterbody management view point. The data included observations over a broad phosphorus and nitrogen range. We expected to see relationships between
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2001 cyanobacteria abundance and selected predictors and identify the strongest related ones and the most effective nutrient range for cyanobacteria growth. We also expected to see cyanobacteria responses to nutrients similar to those reported by [17] . The results from Southern Appalachians show some interesting trends with a few in-line with [17] findings and a few giving a more thorough insight of Southern Appalachians nutrient dynamics. Linear models for cyanobacteria and either TN, TP or TN:TP ratio in combination with corresponding LOWESS plots give a few more insights. While all these variables relate to abundance, TP displays the strongest relationship. TN follows TP with an R2 about 35% smaller than that of TP. As for the nitrogen to phosphorus ratio, cyanobacteria are more abundant in lower range of TN:TP; as it goes beyond 15:1, cyanobacteria become less and less abundant. The decline stops around 60:1 and then stays almost constant. This follows resource ratio competition theory that suggests that cyanobacteria have a tendency to thrive well in nitrogen limited conditions [27] and where N:P ratios are lower than 20:1 [28] and [29] . This is attributed to the fact that many cyanobacterial species are capable of utilizing molecular nitrogen [30] . TN:TP however, is the poorest predictor if seen compared to nutrient concentrations (TN and TP) in our results. It shows the lowest R2 value amongst all three which is 50% lower than that of TP and 22% than TN. In addition, TN:TP shows highest RSE; about 8% more than TP and 3% than TN.
The BRT model also shows TP having the higher relative influence on cyanobacteria abundance than both TN and TN:TP. A few points are noteworthy here. First is a long discussed concept about whether the nutrient concentrations (TN and TP) or the ratio TN:TP is a more efficient predictor of cyanobacterial blooms (for example [31] , [17] , [32] , [33] , [34] and [35] ). Results from this study favor the latter notion based on linear regression, LOWESS and BRT models supported by PDPs. TN and TP clearly outperform TN:TP in predicting cyanobacterial abundance.
An important point from the results is the pattern of response that cyanobacteria abundance shows to total phosphorus concentration. The BRT partial dependence plot (Fig. 2) show that around a TP concentration of 5µg/L, cyanobacteria abundance is high until around 100µg/L TP where almost 90% of maximum cyanobacteria abundance is observed. It is seen to decline afterwards. This range is in line with that reported by [17] . It is suggestive of capability of cyanobacteria to grow well at low TP concentrations. This is most likely owing to several adaptive features of different cyanobacterial species that include nitrogen fixation and capability to store phosphorus in the cells that can be utilized for growth as per need. The practical implication of this observation is related directly to management of water body. It implies that accounting for other predictors, ~5 µg/L TP is a crucial point for increase in probability of cyanobacteria blooms and unless TP is reduce below 60 µg TP/L, little reduction in cyanobacteria abundance should be expected.
It may seem plausible looking at P dependence of cyanobacteria, that adjusting P only can be effective for cyanobacteria control in waterbodies. However, in a watershed where nitrogen influx is high, controlling P alone cannot control non-nitrogen fixing cyanobacteria in the water body. This is especially important considering the dramatic increase in nitrogen influx in water bodies [36] . Reference [33] suggest that in lakes where non-nitrogen fixers are abundant, regulating only P might not be very effective. For example, Microcystis can utilize phosphorus very efficiently by vertical migration, stock phosphorus from sediment-water interface and can reemerge to bloom. This is especially true for shallow lakes where sediment-water interface is easy to get to along with sufficient light penetration and water mixing. Reference [37] also advise that effective control can only ensue by rigorous nutrient management owing to nonlinear nature of association amongst environmental factors and cyanobacteria growth [36] . This study points out that TN and TP are the important predictors that should be given more importance than TN:TP. Although the relationship of the latter is substantiated by resource ratio theory, TP and TN deliver a simpler understanding and a more efficient approach to control cyanobacteria blooms. This is also supported by the fact that not all cyanobacteria have the ability to fix nitrogen nor are they a great competitor for nitrogen [17] . 
